This work presents an innovative application of the well-known concept of cortico-muscular coherence for the classification of various motor tasks, i.e., grasps of different kinds of objects. Our approach can classify objects with different weights (motor-related features) and different surface frictions (haptics-related features) with high accuracy (over 0.8). The outcomes presented here provide information about the synchronization existing between the brain and the muscles during specific activities; thus, this may represent a new effective way to perform activity recognition.
I. INTRODUCTION
This paper presents a brand-new application of corticomuscular coherence (CMC) for the classification of various motor tasks, i.e., grasps of different kinds of objects.
CMC is a well-known concept in the neurorehabilitation field, defined as the coherence function between an electroencephalographic (EEG) and an electromyographic (EMG) signal, well characterized in boh healthy subjects [1] and those affected by different kinds of motor-related diseases.
The CMC function accounts for the amount of synchronization between brain and muscular activity at each frequency and strongly depends on the particular motor task performed by the individual, e.g., precision grips (fine hand movements), stable (isometric) contractions or rapid muscle contractions [2] - [4] .
The aim of this contribution is to test to what extent CMC can classify motor-related features, as the weight of a grasped object, as well as haptics-related features, as its friction surface. In addition, we study how the relevant parameters of the CMC computation (e.g., duration of segments, kernel of the classifier) impact the classification performance. Furthermore, we evaluate the improvement of classification accuracy when data from several muscles is jointly used to distinguish different objects.
We show that CMC can reliably classify objects characterized by different weights and surfaces with high accuracy, over 0.8. As a consequence, the paper advocates the capability of joint EEG and EMG processing, i.e., using CMC, to robustly classify motor activities, which would be a brand-new method in the field of motion analysis and activity recognition.
The paper is organized as follows. Section II describes the CMC computation procedure and presents the classification problem. Section III shows the most relevant outcomes and, finally, Section IV discusses the impact of this work and its possible evolutions.
II. METHODS

A. CMC computation
The processing pipeline to get CMC from EEG and EMG signals consists of a simple and widely-used procedure [5] [6] : each signal is segmented into trials of few seconds (1 to 4 s), then a pass-band filter is applied to cancel out frequency components that are known not to carry relevant information (typical pass-band is 3-80 Hz). Signal processing is fully implemented in Matlab. All EMG segments are further (full-wave) rectified and their envelopes are extracted to get the activation profile of the muscles [7] .
Let S (i)
.., N , be the power spectra obtained by the i−th segment of the EEG and EMG signals, respectively. Similarly, let S Similarly, the power spectra obtained by computing the standard deviation among single-trial power spectra, at each frequency, were also computed and reported in the following. Hence, the CMC of every single trial is commonly obtained as follows:
As per the Cauchy-Schwarz inequality, it holds:
|CM C (i) (f )| 2 represents the normalized cross power spectrum between EEG and EMG. Consequently, |CM C(f )| 2 assumes values between 0 (uncorrelated signals) and 1 (perfect linear relationship). The power spectrum of every segment is computed by means of the Fast Fourier Transform (FFT) algorithm. An example of typical S x (f ) and S y (f ) spectra is reported in Fig. 1 .
In the CMC spectrum different frequency sub-bands can be identified. Specifically, we considered the following (eight sub-bands): low-α (6-8 Hz), α (8-12 Hz), low-β (13-20 Hz), high-β (20-30 Hz), β (13-30 Hz), low-γ (30-60 Hz), high-γ (60-80 Hz) and γ (30-80 Hz) [3] .
B. Segmentation
Since the time required to reach, grasp, and lift the object is variable (depending on the subjective reaction time), the length of trials is variable. Therefore, EMG activation pattern can be used to precisely identify the time instant when each muscle starts to be involved in the task. To do that, every EMG envelope is processed by a moving average filter with a 400 ms window, i.e., high-pass filter with cut-off frequency at 2.5 Hz. Then, the minimum (min) and the maximum (max) values (contraction levels) are identified and a threshold is set to T H = (max − min)/3 + min. The period of time where the signal stays above that threshold is considered. Finally, the half-time value of each interval (t 0 ) is used to extract the segment starting at t 0 − DU R/2 and ending at t 0 + DU R/2 (with DU R either equal to 1 s, 2 s or 4 s). The corresponding EEG segment is then extracted and used to computed the CMC of that segment, as described in Section II-A. All EEG and EMG segments have been visually inspected to remove artefacts (of any duration). The remaining artefact-free segments are then considered in the subsequent classification analysis.
C. Classification and performance measurement
CMC is used to classify various weight or surface characteristics of the object grasped.
We use the publicy-available dataset WAY-EEG-GAL provided within the framework of the European project WAY (Wearable interfaces for hand function recovery grasp-and-lift) [8] . The dataset consists of simultaneous EEG and EMG data acquired during several repetitions of a grasp-and-lift task. At each trial, the participant was asked to grasp an object with their thumb and index fingers, to lift it up to a predetermined position, hold it for few seconds (see Fig.2 ) and after that release it.
The object was unexpectedly modified in its weight (light = 165 g, medium = 330 g, heavy = 660 g), surface friction (sandpaper, suede, silk) or both, according to a random pattern. The dataset includes 84 trials for the light condition, 57 for the heavy condition (irrespective of the kind of surface), and 51 where the object was covered by sandpaper and 221 with silk (irrespective of their weight). In particular, we denoted as heavy the trials where the object weight was 660 g and light those where the weight was 165 g. Thirty-two EEG channels were used, with the electrodes located at standard locations (following the International 10-20 EEG System [9]) on the participant scalp. Five bipolar EMG electrodes were employed to acquire the activity from five different muscles. Both EEG and EMG signals were downsampled to 500 Hz sampling frequency and the effective bit resolution was 12 bit. For the subsequent analysis, we considered only the data from Subject 7 that, based on the experimental records (available online), were collected without any experimental problem.
Then, a binary linear supervised classifier, i.e., a support vector machine (SVM) [10] is employed to distinguish among (i) light/heavy objects or (ii) sandpaper/silk surface frictions. For the classification, we define a set of features obtained from |CM C(f )| 2 in each frequency band of interest (see Section II-A) is used. Finally, the performance of the classification are quantified in terms of accuracy, i.e., the ratio between the number of correct classifications (both classes of weight or surface) over the total number of instances to classify.
III. RESULTS
Here we report the accuracy of the classification using different muscles and segment durations, in order to test whether, and to what extent, CMC is able to classify different grasping tasks.
The classifier kernel has been selected based on its ability to classify classes. Specifically, the linear kernel and the radial basis function (RBF) kernel [10] are used.
Before that, the reliability of the preprocessed data has been tested and the differences in CMC have been evaluated by comparing CMC spectra for every class and muscle: Figs. 3 and 4 report the mean and standard deviation spectra in all these cases (with C3 selected as EEG signal and segments of duration 4 s). As expected, three main frequency components are visible in all spectra, i.e., at about 10 Hz (α band), 20 Hz (low-β band) and 30 Hz (high-β or low-γ band). From a qualitative point of view, CMC spectra related to different weights are characterized by components belonging to the lower part of the spectrum, i.e., below 30 Hz, while spectra related to Table I reports the results of the classification of light/heavy objects by using a single muscle with different segment lengths. It is worth noting that different muscles perform quite differently in separating the classes, i.e., light from heavy. For example, the most effective classification, where the highest accuracy values are reached, is -in order -with BR (0.94), F DI (0.84), and F D (0.82), and segments of duration 4 s. A similar situation is found for sandpaper/silk surfaces (Table II) : AD (1 s), F DI (2 s), and BR (4 s) display the best accuracies (0.69, 0.69 and 0.67, respectively), therefore highlighting a different pattern of muscle activation with respect to the light/heavy case. In other words, muscles that yield the highest classification accuracy can be considered as the most informative for identifying a specific task. If several EMG channels are available (as in the WAY-EEG-GAL dataset), more than one muscle could be used to classify motor tasks. Figs. 5-6 prove that increasing the number of considered muscles leads on average to a better accuracy.
Here, given a specific number of muscles to combine, we randomly selected which muscles to use, we ran the classification with those muscles and then we took the mean and the standard deviation of the set of all accuracy values achievable with the same number of muscles. Note that to select one muscle among the available five, there are 5 possibilities; for two and three muscles, 10 combinations can be extracted; finally, all five muscles are combined to compute the last point of each curve of Figs. 5-6.
As a result, the combination of all five available muscles brings the best average accuracy (blue solid line in the figures). As expected, the standard deviation (blue dashed lines) generally decreases as the number of combined muscles increases. It is interesting to observe that the variability of the performance in case of surface friction classification is significantly lower than that of the weight classification irrespective of the kernel choice: linear kernel on light/heavy classes provides a similar amount of variability, even though the figure is not reported here for space constraints. It is also worth mentioning that, by considering the best case (red line) only, the optimal performance is achieved already with three muscles: adding more signals does not further improve the maximum achievable accuracy (saturation effect), but can increase the robustness of the classification algorithm, decreasing the variability of the outcomes.
The value of 0.9538 is the highest classification performance obtained in the light/heavy case with 4 s segment duration by combining three specific muscles (best case). At the same time, if the best combination of muscles is not known, the same Figs. 5(c) and 6(c) shows that using all muscles with 4 s segments can yield an accuracy of 0.9421.
Especially, including more than one muscle obtains a significant advantage in the classification of different friction surfaces: indeed, the best single-muscle accuracy is 0.69, whereas combining two muscles leads to a value of 0.8.
IV. DISCUSSION AND CONCLUSIONS
This work presents an innovative application of CMC for the classification of different motor tasks, i.e., grasping of different kinds of objects.
On CMC ability to classify haptics CMC is able to reliably classify objects with different weights and surface frictions. As far as we know, the ability to accurately recognize haptic features of an object (e.g., sandpaper vs silk surfaces), is a completely new result in neuroscience.
We show that after training SVM on CMC samples (eight samples, one per each frequency band of interest) with a linear or RBF kernel, a very high accuracy can be Accuracy is further improved if larger data segments, i.e., longer observation periods, are considered. This is especially evident for light/heavy classification and could be expected as longer segments in time provide higher frequency resolution and then more accurate evaluations of the CMC in the frequency domain.
Another interesting aspect is the use of different kernels for different classes of data: unexpectedly, the linear kernel provides higher performance for light/heavy classification, while RBF turns out to be better for sandpaper/silk surfaces. This suggests that the SVM kernel can be adapted to different kinds of data, which might be considered as a key aspect to further investigate.
Finally, it can also be noted that the variability in case of different friction surfaces is significantly lower than in the case of different weights. This might be related to the kind of information carried by muscles in relation to the specific motor task: it can be suggested that for the correct classification (accuracy above 0.8) of haptic features of the object, i.e. friction surface, all considered muscles bring useful and equally important information, so that their joint analysis is recommended. On the contrary, large standard deviations found, e.g., for the weight classification can be addressed to the combination of more heterogeneous information that possibly includes side contributions, i.e., not relevant to the classification.
Some limitations still affect the present work: above all, a limited dataset with few specific motor tasks has been considered; however, the same analysis could be easily extended in the future to other datasets and other kinds of motor tasks.
Moreover, it is well-known that specific frequency bands can contribute to CMC more than others: e.g., β band strongly determines the brain-muscles communications during static motor output (i.e., isometric contractions), while γ band is more related to dynamically changing movements [14] . Besides, the frequency bands in which CMC takes values strongly depend on the amount of applied force during the motor task [15] : CMC contains large β band components if weak contractions are produced, whereas γ band is larger in case of strong contractions. Therefore, one can expect that the classification accuracy changes if only specific frequency bands are used. Such kinds of considerations could be tested in a future classification analysis to discern whether accuracy in classification is provided by either the broad CMC frequency spectrum (as used here) or few specific frequency bands. This can further provide valuable insights on the mechanisms of synchronization between brain and muscles during movement.
Impact and perspectives
The impact of this work mainly consists of the insights provided by CMC on the synchronized brain-muscles activation patterns during the accomplishment of different kinds of motor tasks: specifically, the analysis presented so far gives precise information about the amount of relevant brain-muscles synchronization during common motor activities (like holding different kinds of objects). This can be interpreted as an indication of the synergy existing between the brain and the muscles to perform a specific activity and might support the hypothesis of a predominant centralized control of motor output (in opposition to the hypothesis of a distributed control of motor synergies) [13] .
Besides, it is worth mentioning that movement has been previously studied with different approaches in different scientific communities: in neuroscience, the complex and computationally expensive tool of motor synergies was used to successfully reconstruct several kinds of movements, from rats to primates. CMC was also developed in the same field and mainly used to investigate motor tasks where different levels of force were exerted and when contraction was dynamically changed [11] . On the other hand, the most common approach in the engineering and robotics communities made use of inertial sensors (gyroscopes and accelerometers) to track several limb joints during the movement and, throughout a reconstruction of all body segments, the classification was performed [12] .
With this work we suggest the importance to make a bridge between the two communities and in particular to test the fully innovative use of CMC for motion analysis and activity recognition in broader terms. With this same perspective, it might be worth to plan a new measurement campaign to simultaneously record both inertial measures and electrophysiological data (EEG and EMG), in order to compare the different classification approaches and their effectiveness in motion activity recognition, from rough and easy movements to the finest.
In fact, it might be expected that the joint perspective between the two communities can bring improvements in the classification of haptics, providing brand-new outcomes that could be highly beneficial for rehabilitation from motor diseases.
